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Highlights 
x We examined associations between greenspace quality and self-reported general health 
x We also explored the potential for social media as proxy measures for greenspace quality 
x Poor correlation was found between social media data and field survey greenspace quality 
x We found no association between social media measures and health outcomes 
x Higher levels of cleanliness recorded by the field survey were associated with better general 
health 
 
 
 
1. Introduction 
Despite the growing recognition of the health benefits of greenspace, the literature highlights a lack 
of evidence investigating the role of greenspace  ‘ƋƵĂůŝƚǇ ?ƌĂƚŚĞƌthan quantity (or provision) 
(Akpinar, 2016; De Vries et al., 2003; van den Berg et al., 2007; Wyles et al., 2017). This is most likely 
due to the difficultly in defining the subjective term of greenspace  ‘ƋƵĂůŝƚǇ ?ĂŶĚƚŚĞƚŝŵĞĂŶĚĐŽƐƚŽĨ
measuring quality across all greenspaces within a study area in a comprehensive and systematic 
approach. The digital explosion of data offered by social media is able to provide insights into human 
behaviour when opinions are collectively aggregated together en masse (Tsakalidis et al., 2016). The 
aims of this work are two-fold. The first aim is to investigate the possible role of data extracted from 
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social media as a proxy for greenspace quality as measured using field surveys. The second aim is to 
undertake a population level study to investigate the relationship between health and greenspace 
quality, using the city of Sheffield, UK, as a case study.  
This work forms part of a wider research project (IWUN - http://iwun.uk) which seeks to find out 
ŵŽƌĞĂďŽƵƚŚŽǁ^ŚĞĨĨŝĞůĚ ?ƐŶĂƚƵƌĂůĞŶǀŝƌŽŶŵĞŶƚĐĂŶŝŵƉƌŽǀĞƚŚĞŚĞĂůƚŚĂŶĚǁĞůůďĞŝŶŐŽĨƚŚĞĐŝƚǇ ?Ɛ
residents. Sheffield as a city is spatially divided both in terms of deprivation and health  W with the 
geographical divide running north-west to south-east. The  ‘&ĂŝƌŶĞƐƐKŶdŚĞ ? ? ?Ɖroject reported that 
average life expectancy fell by 7.5 years for men and 10 years for women along the 83 bus route that 
runs across the divide (Sheffield Fairness Commission, 2013). Our work in IWUN demonstrates that 
the more deprived east of Sheffield does not have substantially less greenspace, justifying our 
enquiry as to whether it's the quality of the greenspace that may have an effect on health outcomes. 
There is growing body of research suggesting that exposure to greenspace enhances health and 
wellbeing (Bosch and Sang, 2017). The reported health benefits of greenspace are broad, and range 
from the capacity to reduce obesity, to improving educational performance (Lovell, 2016). Other 
health benefits include promoting mental health (for example by reducing the risk of stress, 
tendency to psychiatric morbidity, psychological distress, depressive symptoms, clinical anxiety, 
depression and mood disorders); affecting birth outcomes; influencing physiological health (for 
example cancer, diabetes, cardiovascular outcomes); improving general health; and ultimately 
impacting on mortality (Dadvand et al., 2016; Dzhambov et al., 2014; Gascon et al., 2016, 2015; 
James et al., 2015; Keijzer et al., 2016; Lanki et al., 2017; Lee and Maheswaran, 2011; Lovell, 2016). 
Markevych et al., (2017) organised the possible mechanisms for the health benefits of greenspace 
into three domains: (1) Reducing harm (mitigation) - for example, reducing exposures to 
environmental stresses: air pollution, noise and heat; (2) Restoring capacities (restoration) - for 
example, attention restoration and psychophysiological stress recovery; and (3) Building capacities 
(instoration) - for example, encouraging physical activity and facilitating social cohesion. 
Whilst much of the literature, to date, has focused on the connection between the presence / 
absence (or in other words the amount of greenspace) and health benefits, there is a recognition 
that the  ‘quality ? rather than the quantity of greenspaces may play an important role in the 
relationship between greenspace and health (Akpinar, 2016; Akpinar et al., 2016; De Vries et al., 
2003; Maas et al., 2006; Ord et al., 2013; Richardson et al., 2010; Richardson and Mitchell, 2010; van 
den Berg et al., 2007; Vujcic et al., 2018; Wyles et al., 2017). Despite this, Lachowycz and Jones 
(2013) acknowledge the problem that information about the quality of greenspace is seldom 
available. 
Definitions of greenspace quality differ but broadly deal with levels of maintenance and/or the 
intrinsic qualities of a space, i.e. the various elements that make up a space, and the activities they 
support. Definitions of greenspace quality are discussed further in Section 1.2. In this paper we focus 
on the maintenance dimension of greenspace quality. 
The existing literature exploring the role of greenspace quality for improving health has generally 
focused on social amenity and environmental incivility, such as litter (Wheeler et al., 2015) and has 
largely centred on the role of physical activity (Akpinar, 2016; Giles-Corti et al., 2005; Hillsdon et al., 
2006). The pristineness and aesthetic value of the environment (for example the absence of litter) 
has also been shown to have beneficial restorative effects (Pretty et al., 2005; Wyles et al., 2016). 
The potential mechanisms by which greenspace quality may provide health benefits are similar to 
those associated with greenspace more generally  W as previously discussed. The quality of 
AC
CE
PT
ED
 M
AN
US
CR
IPT
3 
 
greenspace may affect the number of users of the greenspace  W as people will choose whether or 
not to use the space not only for its features but also the condition of those features (Lee and 
Maheswaran, 2011). Places in disrepair are less likely to be visited and contribute to a perceived 
sense of lack of safety (Bedimo-Rung et al., 2005; Maruthaveeran et al., 2014). Conversely, quality 
greenspaces attract greater numbers of people who are likely to undertake physical activity within 
the greenspace as well as enjoying opportunities for social contact (Barker et al., 2017). In their 
socio-ecological framework for the relationship between green space access and health Lachowycz 
and Jones (2013) have suggested that greenspace quality (defined as maintenance, design, 
attractiveness) may moderate motivation to use greenspace. Furthermore, quality may affect the 
visual cues provided by the greenspace, enhancing psychological pathways to restoration and 
supporting place identity and attachment. 
 
1.1 Previous literature related to the health benefits from greenspace quality 
Using individuals from a survey of 4,515 people in England, Wyles et al. (2017) found that 
respondents recalled greater connectedness to nature and restoration when visiting sites of higher 
environmental quality. In a New York, USA survey of 44,282 participants, lower park cleanliness 
(presence of litter, glass, weeds, and graffiti) was associated with higher neighbourhood levels of 
body mass index (Stark et al., 2014). Despite the potential importance of greenspace quality in the 
relationship between greenspace and health, Van Den Berg et al. (2015) found that there were 
 “insufficient studies on the quality of green spaces to conduct an evidence synthesis ? (p.806). The 
lack of existing population level (ecological) studies considering the role of greenspace quality when 
exploring the health benefits of greenspace is widely recognised (Bowler et al., 2010; Hartig et al., 
2014; Van Den Berg et al., 2015; Wheeler et al., 2015). 
The majority of studies concerning the health benefits associated with greenspace quality have 
explored the relationship with perceived general health. Three Dutch studies found mixed 
associations between greenspace quality and perceived general health (Agyemang et al., 2007; 
Putrik et al., 2015; van Dillen et al., 2012). No association was found for general health by Putrik et 
al. (2015), who aggregated perceptions of greenspace quality and quantity by asking residents to 
ĐŽůůĞĐƚŝǀĞůǇƌĂƚĞƚŚĞŝƌ “Ƌuality ĂŶĚĂǀĂŝůĂďŝůŝƚǇŽĨŐƌĞĞŶƐƉĂĐĞ ? (p.51). Mixed results were reported by 
Agyemang et al. (2007), who explored the health benefits associated with resident dissatisfaction 
with greenspace quality in their neighbourhood. In a tertile categorisation of greenspace 
dissatisfaction, the lowest dissatisfaction was associated with the lowest levels of poor health. 
However, the highest levels of dissatisfaction were found for the centre tertile for poor health (not 
the highest category as one might expect). van Dillen et al. (2012) found that residents in 
neighbourhoods with a higher quality greenspace experienced higher levels of perceived general 
health and less acute health-related complaints in the last 14 days. Both greenspace quality and 
quantity measures were found to be associated with general health  W with the quality measures 
improving the relationship beyond simply including greenspace quantity on its own. 
In a UK study, Wheeler et al. (2015) used a measure of surface water quality as a general indicator of 
landscape quality  W thus demonstrating the general lack of available data relating to greenspace 
quality. They found, in contrast to expectation, that poorer water quality was associated with better 
perceived general health in the England and Wales. Greenspace quality was found not to be an 
adequate predictor of well-being by Zhang et al. (2017), although they did find that resideŶƚƐ ?
perceived quality of greenspaces were significantly associated with neighbourhood satisfaction. 
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In a Dutch study exploring the relationship between quality and self-reported mental health, De 
Vries et al. (2013) showed that streetscape greenery quality was significantly associated with better 
mental health (over and above quantity). In contrast, however, the study by van Dillen et al. (2012) 
(discussed previously in relation to general health), found that quality of greenspace was not 
associated with levels of mental health. Whilst a number of studies have explored the associations 
between quantity of greenspace and mortality, none have investigated its relation with quality of 
greenspace (Van Den Berg et al., 2015). 
These mixed findings from the literature demonstrate that the evidence regarding the role of quality 
within benefits of greenspace is still inconclusive. Therefore, the first aim of this paper is to add to 
the literature by assessing the role of greenspace quality in a population level study of self-rated 
general health in Sheffield, UK.  
 
1.2 Reasons behind the lack of studies exploring the health benefits of greenspace quality 
There are a number of factors which might influence the general lack of population level studies 
investigating the potential health benefits of greenspace quality. Firstly, as previously indicated, the 
ŶŽƚŝŽŶŽĨ ‘ƋƵĂůŝƚǇ ?ĐĂŶďĞŝŶƚĞƌƉƌĞƚĞĚŝŶŵĂŶǇĚŝĨĨĞƌŝŶŐǁĂǇƐ ?Custodians and managers of 
greenspace may hold disparate perspectives of quality compared to public users. There is no single 
ĚĞĨŝŶŝƚŝŽŶ ?ŵĞƌĞůǇĂŶĂĐĐĞƉƚĂŶĐĞƚŚĂƚ ‘ƋƵĂůŝƚǇ ?ĐĂŶďĞĚĞĨŝŶĚŝŶŶƵŵĞƌŽƵƐǁĂǇs. To some, it might 
be an expression of the amount of litter, but to others it might reflect the levels of biodiversity, or 
relate to the incidence of crime. The remit is broad and diverse. 
De Vries et al. (2013) measured quality by scoring levels of accessibility, maintenance, variation, 
naturalness, colourfulness, clear arrangement, shelter, absence of litter, safety and overall general 
impression. In contrast, Akpinar (2016) identified the following aspects of quality in urban 
greenspace: aesthetics, cleanliness, maintenance, largeness, shading, lighting, and 
openness/visibility. Alternatively, Zhang et al. (2017) quantified quality on a six item scale including 
measures related to: facilities, amenities, natural features, incivilities, accessibility and maintenance. 
It is also possible to use the designation of protected environments (official status recognising the 
site is of particular scientific, ecological, or aesthetic value) to reflect the quality of the site as a 
measure of greenspace quality (as used by Wyles et al., 2017). Whilst such an approach may be 
suitable for large scale, national studies, it is unlikely, however, to be appropriate for city-wide 
population level studies due to a lack of protected environments within urban contexts. For 
example, of the 902 greenspaces within the urban area of Sheffield (as defined by the Built-Up Area, 
Office for National Statistics) only 38 consist of protected or designated areas. Their designation tells 
us nothing about the remaining 864 non-designated greenspaces, which might themselves be high 
ŽƌůŽǁ ‘ƋƵĂůŝƚǇ ?. As previously mentioned, in this paper we focus on the maintenance dimension of 
greenspace quality. 
A second possible reason for the lack of population level studies in this area relates to the issue that 
current measures of greenspace quality are derived predominantly from primary audits (also called 
field surveys) of local environments. These are both time consuming and costly and it is therefore 
difficult to audit systematically all greenspaces within any substantial geographic extent (e.g. 
throughout a city). The second aim of this paper is to explore whether potential proxies of 
greenspace quality might be drawn from alternative sources  W in this case through the use of social 
media data (as discussed in Section 1.3 below). 
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1.3 Social media as a potential proxy for greenspace quality 
Social media is a transformative digital technology that has reshaped public communication. Social 
media data are increasingly perceived as alternative sources to public surveys (Department for Work 
and Pensions, 2014; Tsakalidis et al., 2016) and have been used to aid understanding in a range of 
contexts from rioting (Procter et al., 2013) to museum exhibits (Gerrard et al., 2017).  
A number of studies have exploited social media to explore greenspace usage. For example, visitor 
numbers to American parks have been shown to be reliably estimated by both Flickr photos 
(Donahue et al., 2018; Sessions et al., 2016) and Tweets from Twitter (Donahue et al., 2018). 
Internet hosted photography sites (including Flickr, Instagram and Panaramio) have also been used 
to capture the aesthetic landscape value and perceptions of users (Dunkel, 2015; Figueroa-Alfaro 
and Tang, 2017; Zanten et al., 2016). 
The potential merit of applying such an approach in Sheffield was highlighted by preliminary 
exploration, as shown in Fig. 1, which demonstrates the different words used within the titles and 
captions of Flickr photographs to describe two contrasting Sheffield greenspaces. Many of the words 
associated with the first greenspace (Fig. 1a) include references to nature, in stark contrast to the 
other greenspace, which was more likely to be linked with words related with crime (Fig. 1b). It is 
within this context that our paper explores the potential for certain social media data (extracted 
from Flickr and Twitter) to proxy measures of greenspace quality. 
Measures extracted from social media include (1) the number of photographs taken within 
greenspaces and uploaded to Flickr; (2) the sentiment of those photograph captions; and (3) the 
number of geo-referenced Tweets from Twitter within greenspaces. Quality in this context might be 
considered as an expression of the number of greenspace users (expressed by the number of social 
media users in the area), feeling comfortable enough to use social media within the area, and the 
assumption that users were presumably inspired to take a photograph of something of interest.  
 
1.4 Aims of the study 
The aims of this work are two-fold. The first aim is to explore the potential for data extracted from 
social media to proxy greenspace quality measured using field surveys. The second aim is to 
undertake a population level study to investigate the relationship between poor general health and 
greenspace quality. 
 
2. Methods 
2.1 Case study 
This study was conducted within Sheffield, UK and forms part of a wider case study exploring how 
^ŚĞĨĨŝĞůĚ ?ƐŶĂƚƵƌĂůĞŶǀŝƌŽŶŵĞŶƚĐĂŶŝŵƉƌŽǀĞƚŚĞŚĞĂůƚŚand wellbeing of residents (http://iwun.uk). 
According to the 2011 Census, the population of Sheffield Local Authority is 552,698. Our work 
utilised general health data from the UK 2011 Census of Population, greenspace quality data from 
Sheffield City Council, potential proxy measures of greenspace quality from social media (Flickr and 
Twitter) and a wide range of other data to account for confounders. Data were collected or 
aggregated to Lower-layer Super Output Areas (LSOAs), which are a geographic unit commonly used 
for reporting small area statistics in England and contain an average population of approximately 
1,500. There are 345 LSOAs in Sheffield. 
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2.2 Health data 
Self-reported general health was obtained from the 2011 UK Census at the LSOA scale. General 
health is a self-assessment of a person's general state of health. People were asked the question 
 “,ŽǁŝƐǇŽƵƌŚĞĂůƚŚŝŶŐĞŶĞƌĂů ? ?ĂŶĚĐŽƵůĚƌĞƐpond with the following answers: very good, good, 
fair, bad or very bad. The assessment was not based on a person's health over any specified time 
period. The poor health measure was constructed by aggregating the  ‘ďĂĚ ?ĂŶĚ ‘ǀĞƌǇďĂĚ ?ŚĞĂůƚŚ
categories. AcĐŽƌĚŝŶŐƚŽƚŚĞ ? ? ? ?ĞŶƐƵƐ ? ? ? ?A?ŽĨ^ŚĞĨĨŝĞůĚ ?ƐƉŽƉƵůĂƚŝŽŶƌĞƉŽƌƚĞĚƉŽŽƌŚĞĂůƚŚ ?
Indirect standardisation was undertaken for broad age (0 to 15; 16 to 24; 25 to 34; 35 to 49; 50 to 
64; 65 to 74; 75 to 84; and 85 and over) and sex categories. Self-reported general health from the UK 
Census has been used within a number of similar population level studies (Brindley et al., 2018; 
Mitchell and Popham, 2007; Wheeler et al., 2015), is considered a good predictor of morbidity and 
mortality (Desalvo et al., 2006; Idler and Benyamini, 1997) and has been shown to be a reliable 
measure of objectively measured health outcomes (Kyffin et al., 2004; Mavaddat et al., 2011; Short 
et al., 2009). 
 
2.3 Greenspace data 
Sheffield City Council supplied spatial data relating to 945 greenspaces within the study area, 850 of 
which were included in a quality assessment undertaken in 2008 as part of compliance with former 
Governmental guidance  W Planning Policy Guidance note 17 (PPG17 P ‘KƉĞŶ^ƉĂĐĞ ?^ƉŽƌƚĂŶĚ
ZĞĐƌĞĂƚŝŽŶ ?). Manual checking of the 95 spaces without a quality assessment suggested that most of 
these were not publically accessible and could therefore justifiably excluded from the analysis. 
PPG17 was replaced in 2012 by the National Planning Policy Framework (NPPF). PPG17 guidance set 
out the priorities and aimed for high standard open space provision, requiring local authorities to 
undertake an assessment of provision of open space, indoor facilities and outdoor sports. The 
assessment included site visits to greenspaces to rate a number of key criteria affecting quality. 
The Sheffield PPG17 assessment criteria incorporate aspects of the Green Flag Programme, ILAM 
(Institute of Leisure and Amenity Management) Parks Management Guidance and the Tidy Britain 
Scheme. This resulted in a total of 68 measures collected for 19 different themes. A full breakdown 
of the measures collected can be found in Supplementary online Table S5. Each measure was scored 
on a scale of 1 to 5. The assessment considered a wide range of factors including accessibility, safety, 
management, maintenance, overall visual impression, and the presence of fixtures such as benches, 
bins, gates, signage, hedges, trees and paths. The assessment included a summary of all measures as 
ĂŶ ‘Kverall Score ?. In addition to the Overall Score, our work also used the Cleanliness theme that 
was generated from the following measures: Litter, Dog Fouling, Graffiti, and Chewing Gum. 
Our analysis comparing the similarity between council field survey quality assessment and social 
media measures was undertaken for each greenspace (n=850). In contrast, data were aggregated to 
LSOAs (n=345) in order to explore the relationship between these variables and general health. 
Aggregation was achieved by using area weighting (Brindley et al., 2005) based on the quality 
weighted by the amount of greenspace within each LSOA. For example, a greenspace with twice the 
size would have twice the weighting in terms of its quality rating attributed to that LSOA. Of the 345 
LSOAs in Sheffield, 32 contained no greenspace and so were excluded from the health related 
analysis. 
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2.4 Social media data 
Our second aim was to determine whether social media data are reliable proxy measures of 
greenspace quality from field surveys. Measures extracted from social media included (1) the 
number of photographs taken within greenspaces and uploaded to Flickr (downloaded in August 
2017 through the Flickr API); (2) the sentiment of those photograph captions; and (3) the number of 
geo-referenced Tweets from Twitter within greenspaces (extracted via the Twitter API for a one-year 
period from August 2016). Flickr (https://www.flickr.com) is a popular social networking platform 
allowing users to upload and share photographs. The photos include coordinates (longitude, 
latitude) showing where the images were taken. Twitter (https://twitter.com) is a microblogging 
ƐĞƌǀŝĐĞĂůůŽǁŝŶŐƵƐĞƌƐƚŽƐŚĂƌĞƚŚĞŝƌŵĞƐƐĂŐĞƐŬŶŽǁŶĂƐ “ƚǁĞĞƚƐ ? ?KŶůǇĂďŽƵƚ ?A?ŽĨƚǁĞĞƚƐĐŽŶƚĂŝŶ
coordinate references (Crampton et al., 2013). Both georeferenced Flickr photos and Tweets can 
then be mapped within a GIS and the number of photos/tweets within greenspaces calculated. The 
number of Flickr images and Tweets were expressed relative to the size of the greenspace as the 
number per hectare. Whilst individually social media entries may represent individual impressions or 
current descriptions of the state of the greenspace, when taken together they may provide some 
ŝŶƐŝŐŚƚƐĐŽůůĞĐƚŝǀĞůǇŝŶƚĞƌŵƐŽĨŐƌĞĞŶƐƉĂĐĞ ‘ƋƵĂůŝƚǇ ? ?
The data, however, were highly skewed, with 504 greenspaces containing no Flickr photographs 
(53% of all of the greenspaces) and 715 without Tweets (75%). There are two interpretations of this. 
Firstly, these sites might have no social media data due to the nature of the sites themselves: people 
chose not to visit them due to their poor quality. In this interpretation, the absence of data 
represents poor quality (true zeros). Alternatively, data may be absent simply due to small numbers 
of social media users and thus be down to chance. According to this interpretation, some of the sites 
with no data may have good quality (excess zeros). To overcome this, further (sensitivity) analysis 
was undertaken which only included greenspaces where data were present (in other words  W 
excluding those sites with no data). 
In addition to the number of Flickr photos and Tweeters within greenspaces, our work also draws on 
ƚŚĞƚĞǆƚƵĂůĚĞƐĐƌŝƉƚŝŽŶƐĂĐĐŽŵƉĂŶǇŝŶŐƚŚĞ&ůŝĐŬƌĚĂƚĂ ?ǁŚŝĐŚŵĂǇƉƌŽǀŝĚĞŝŶƐŝŐŚƚŝŶƚŽƚŚĞ ‘ƋƵĂůŝƚǇ ?ŽĨ
the site (as previously shown in Fig. 1). We aggregated the text (title and description) for each Flickr 
photograph and undertook sentiment analysis using the Python module - VADER (Valence Aware 
Dictionary and sEntiment Reasoner) Sentiment Analysis  W version 2.5. This is a lexicon and rule-based 
sentiment analysis tool that is specifically attuned to sentiments expressed in social media (Hutto 
and Gilbert, 2014), and has been used extensively in the literature in similar contexts (Anuta et al., 
2017; Won et al., 2017). For the text of each photo, VADER generates a positive, neutral and 
negative sentiment score (whereby the three components sum to a value of 1). We required a 
measure of sentiment as a single value for each greenspace and so aggregated the values for each 
separate component for all the photos from each greenspace. This enabled us to calculate the ratio 
of positive to negative sentiment for every greenspace which we used as a further measure of 
potential greenspace quality. 
As with the previously described greenspace data, individual - park-level data were used to 
investigate similarity to council field survey derived quality (aim 2 of our work). In order to explore 
the relationship with general health (aim 1), park-level data were aggregated to LSOAs using area 
weighting (as previously described in Section 2.3). 
 
AC
CE
PT
ED
 M
AN
US
CR
IPT
8 
 
2.5 Socio-economic and demographic characteristics 
We adjusted for area characteristics that were plausibly associated with general health. The income 
domain of the 2010 English index of multiple deprivation (EIMD) were used, being the closest time 
period to the 2011 health data. This domain has commonly been used to adjust for socio-economic 
deprivation (Dennis and James, 2017; Mitchell and Popham, 2008; Richardson and Mitchell, 2010).  
Potential confounders of the total amount of greenspace and average garden size were also included 
within analysis (as used by Dennis and James, 2017; Brindley et al., 2018). These measures were 
generated using detailed land cover data produced for Sheffield by Ersoy (2015), which consists of a 
composite of the Ordnance Survey (OS) MasterMap Topography layer, Land Cover Map 2007, 
Forestry Commission National Inventory Woodland and Trees Layer and Sheffield City Council Green 
and Open Spaces Layer. 
Air pollution and smoking can potentially confound the association between greenspace and health 
because there might be less traffic pollution in areas of greater greenspace and higher levels of 
smoking in deprived areas which might have lower proportions of greenspace. Therefore, we also 
controlled for the levels of air pollution and smoking. Air pollution data consisted of 1km gridded 
estimates of Particulate Matter of ten microns in diameter or smaller (PM10 ZŵŽĚĞůůĞĚďǇƚŚĞh< ?Ɛ
Department for Environment, Food and Rural Affairs in the year 2010 and assigned to LSOAs by the 
population weighted average for each LSOA (where the population represented the census 
headcounts at unit postcode level). A proxy of smoking was obtained through new cases of lung 
cancer for the years 2010-2014, as a standardised incidence ratio, at Medium Layer Super Output 
Areas (MSOA) (available from www.localhealth.org.uk). Confounders for both smoking and air 
pollution have been commonly included in similar greenspace population level studies (Mitchell and 
Popham, 2008, 2007; Richardson et al., 2010; Richardson and Mitchell, 2010).  
A variant for the smoking confounder was examined within sensitivity analysis to ensure robustness. 
The number of lung cancer related hospital admissions for the period 2002-2010 for each LSOA were 
analysed (as used by Brindley et al., 2018). This measure replaced the smoking proxy (incidence of 
new cases of lung cancer at MSOA level) used within the main modelling. Whilst such data are 
available at a higher spatial resolution, they were only available tied to 2001 LSOA boundaries. For 
this reason, only LSOAs whose boundary did not change between the period 2001 to 2011 were 
included within analysis. This resulted in 20 LSOAs, with boundary changes, being excluded from this 
sensitivity analysis. 
 
2.6 Analytical approach 
Our analysis consisted of two separate stages. Firstly, we used Spearman correlation to explore the 
similarity between the field survey quality measures and social media derived proxies at the park 
level (aim 2 of our paper). A correlation matrix was generated between the quality measures derived 
from field surveys by the Council and those extracted from social media data. 
Secondly, we tested whether there was an independent association between greenspace quality and 
self-reported poor health using negative binomial regression (aim 1). The analysis controlled for the 
confounding factors previously described (income deprivation, total greenspace, average garden 
size, smoking prevalence and levels of air pollution). The dependent variable was the total number 
of people reporting poor health, whilst the offset was the number expected given the age and sex 
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composition (indirect standardisation). Poisson models were rejected due to over dispersion. 
Analysis was undertaken within SAS version 9.4. 
In total five separate models were run, as shown in Table 1, where the only difference was the 
independent variable relating to greenspace quality: council field survey for overall quality (Model 
1); council field survey for cleanliness (Model 2); number of Flickr photos taken in greenspace (per 
hectare of greenspace) (Model 3); the sentiment of Flickr photos taken in greenspace (Model 4); and 
the number of unique Twitter users tweeting in greenspaces (per hectare) (Model 5). 
The following sensitivity analysis was also undertaken to ensure robustness of findings. (1) The total 
number of Flickr photographs and Twitter users were used instead of measures that were relative to 
the size of the greenspace (such as photographs per hectare). It might be the case that the total 
ŶƵŵďĞƌŽĨƵƐĞƌƐŝƐĂďĞƚƚĞƌŵĞĂƐƵƌĞĨŽƌ ‘ƋƵĂůŝƚǇ ?ƌĂƚŚĞƌƚŚĂŶĂŵĞĂƐƵƌĞin relation to size. (2) The 
social media derived quality proxies were replaced with modified variants whereby only sites where 
social media data were present were included in the analysis (hence ignoring those sites with zero 
Flickr photos or Tweets within the analysis). This was undertaken in order to ensure that findings 
were not influenced by the relatively large number of greenspaces where there were no social 
media data present (as previously described in Section 2.4). (3) The smoking prevalence variable was 
replaced with an alternative measure to ensure robustness. As previously described, this entailed 
using the number of lung cancer related hospital admissions for the period 2002-2010 at LSOA level 
(for LSOAs whose boundary remained unchanged between the period 2001-2011). 
 
3. Results 
According to the 2011 Census, the 345 LSOAs in Sheffield district included a total population of 
552,698, with 34,372 residents (6.4%) reporting poor health. Within the 945 greenspaces, there 
were 29,660 Flickr photos (an average of 31 per greenspace) and 4,632 Tweets (average of 4.9 per 
greenspace) taken by 2,165 different (unique) Twitter users (average of 2.3 per greenspace). The 
distribution of social media data, however, was highly skewed (as previously discussed in Section 
2.4). Only 443 of the 945 greenspaces had one or more Flickr photos and only 231 greenspaces 
contained a geo-located Tweet. For this reason, (as discussed within Section 2.4), analysis was run 
both for all greenspaces and also only for those containing social media data - in order to test the 
robustness of the findings. In contrast, there were five greenspaces containing over 1,000 photos 
(Park House Lane Sports Ground; Weston Park; Graves Park; Don Valley Bowl; Botanical Gardens) 
and five sites containing over 100 different Twitter users (Peace Gardens; Ponderosa; Endcliffe Park; 
Devonshire Green; Botanical Gardens). 
Spearman correlation demonstrated a weak positive relationship between the overall site quality 
measure and the subcomponent related to cleanliness when comparing quality scores for each park 
(r=0.324, p <0.001). 
 
3.1 Similarity between site survey quality measures and social media derived proxies (aim 2) 
The correlation matrix between the different measures of quality is shown in Table 2. The levels of 
association between the Council field survey measures of quality (overall score and cleanliness) and 
those quality proxies derived from social media (Flickr and Twitter) appear generally poor. The 
highest correlation score was just 0.25 between the total number of (unique) Twitter users and the 
overall Council field survey measure. In contrast, there are generally encouraging levels of 
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agreement between the two sources of proxy quality measures extracted from the social media data 
(Flickr and Twitter). Comparable output was also found for the correlation matrix which excluded 
greenspaces where there were no social media data (see Supplementary online Table S1). 
 
3.2 Relationship between greenspace quality and self-reported poor health (aim 1) 
Our five models explored the relationship between greenspace quality and self-reported poor 
general health, after controlling for confounding factors, using a number of different variables to 
represent quality: (1) council field survey for overall quality; (2) council field survey for cleanliness; 
(3) number of Flickr photos taken in greenspace; (4) sentiment of Flickr photos taken in greenspace; 
and (5) number of unique Twitter users tweeting in greenspaces. 
The independent relationship between the various measures of greenspace quality and self-reported 
poor general health are shown in Fig. 2 and Table 3. The main association observed was the 
relationship between cleanliness of greenspace and general health. We found that there was a 
higher prevalence ratio (PR) for populations residing in areas of lower cleanliness. The PR for poor 
health was 1.09 (95% CI 1.00-1.18) for the quintile with the lowest greenspace cleanliness compared 
against the quintile with the highest cleanliness, when accounting for income deprivation and 
confounders.  
In contrast, there was no relationship with poor health for either the Twitter users or Flickr 
sentiment variables. Whilst there was a significant statistical relationship between poor general 
health and the numbers of unique Twitter users in greenspace (per hectare) (p = 0.03), there is no 
consistency across the quintiles. As such, any underlying relationship is unlikely  W especially when 
the large confidence intervals are considered. Furthermore, although there might be some marginal 
trend with increasing poor health prevalence for both the Council field survey for overall quality and 
intensity of Flickr photos, neither are statistically significant  W with large confidence intervals.  
Within the sensitivity analysis, there was no association between poor health and either the number 
of Flickr photos or Twitter users when using the total, absolute numbers, rather than relative 
measures (per hectare of greenspace), as shown within Supplementary online Table S2. Similarly, as 
illustrated within Supplementary online Table S3, no association was present between poor health 
and the three social media derived measures of greenspace quality when those greenspaces without 
social media data were removed from analysis (in other words greenspaces with no social media 
data were excluded rather than representing a true zero). Finally, replacing the smoking proxy for 
the number of hospital admissions related to lung cancer did not alter the output (Supplementary 
online Table S4). The pattern of association remained similar between self-reported poor general 
health and greenspace quality as measured using the Council field survey of cleanliness.  
When comparing the PR for poor health between the different variables within the model within 
Table 3, it is apparent that greenspace quality, in terms of cleanliness, is at least as important as the 
total amount of greenspace. This finding is considered further within the discussion. 
 
 
4. Discussion 
The purpose of this paper was twofold. Firstly, it contributes to filling a gap in our knowledge and 
understanding, as identified within the existing literature, concerning the role of greenspace quality 
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in the relationship between greenspace and health (aim 1). Secondly, it seeks to establish whether 
data extracted from social media might be a suitable replacement for costly field surveys concerning 
greenspace quality (aim 2). 
 
4.1 The relationship between greenspace quality and self-reported health (aim 1) 
The current literature has identified the need to go beyond simply measuring the amount of 
ŐƌĞĞŶƐƉĂĐĞĂŶĚƚŽĞǆƉůŽƌĞƚŚĞƌŽůĞŽĨŐƌĞĞŶƐƉĂĐĞ ‘ƋƵĂůŝƚǇ ?ǁŚĞŶĞǆƉůŽƌŝŶŐpotential health benefits 
(Akpinar, 2016; Akpinar et al., 2016; De Vries et al., 2003; Maas et al., 2006; Markevych et al., 2017; 
Richardson et al., 2010; Richardson and Mitchell, 2010; van den Berg et al., 2007; Wyles et al., 2017).  
Our results support our hypothesis that there is an association between poor general health and 
greenspace quality. This manifests itself in the association between poor general health and quality 
as measured by the Council cleanliness field survey. Our findings support those of previous studies 
(Agyemang et al., 2007; van Dillen et al., 2012) but at the same time also contrast with other studies 
which found no relationship ǁŝƚŚ ‘ƋƵĂůŝƚǇ ?(Putrik et al., 2015), or those that identified associations 
contra to expectation (Putrik et al., 2015; Wheeler et al., 2015). Based on previous findings we would 
suggest that cleanliness impacts on perceived general health by discouraging greenspace usage, 
thereby depriving potential users of the opportunity to experience the health and wellbeing benefits 
that green spaces provide (Lachowycz and Jones, 2013). Even if people do visit, the negative impact 
of encountering litter, dog fouling, graffiti and chewing gum may outweigh or detract from 
opportunities to benefits from restoration from stress and social interaction (Pretty et al., 2005; 
Wyles et al., 2016).  Furthermore, greenspaces exhibiting low levels of cleanliness are likely to erode 
neighbourhood satisfaction and general wellbeing (Zhang et al., 2017). Our work highlights the need 
to analyse the relationship between greenspace and health in a more nuanced manner, 
incorporating elements of greenspace quality and in particular those relating to cleanliness.  
Whilst a relationship was found between self-reported health and the Council cleanliness field 
survey, there was no significant association between health and the other measures of greenspace 
quality  W either from the Council overall measure of quality or those derived from social media. 
Whilst a marginal trend might have existed whereby increasing quintiles of higher overall quality 
resulted in lower levels of poor health (see Fig. 2), the relationship was not statistically significant 
and was weaker than the association between cleanliness and poor health (both within the main 
modelling and sensitivity analysis). The overall quality field survey by the Council centred on a wide 
ƌĂŶŐĞŽĨ ? ? ‘ƋƵĂůŝƚǇ ?ŵĞĂƐƵƌĞƐĂĐƌŽƐƐ ? ?ƚŚĞŵĞƐ ?ƐƐƵĐŚŝƚŝŶĐůƵĚĞĚƐĐŽƌŝŶŐŽĨa wide range of 
factors such as clear signage for parking, adequate mowing margins and well defined pathway 
edges. Not all of these measures may be indicators of what ŐƌĞĞŶƐƉĂĐĞ ‘ƋƵĂůŝƚǇ ? means to users and 
further research is therefore required to unpack the dynamics of what elements of  ‘ƋƵĂůŝƚǇ ? may 
contribute to health benefits. 
 
4.2 The potential for social media to proxy field survey measures of greenspace quality (aim 2) 
In examining the potential for social media data to proxy field surveys for greenspace quality, we 
found that data extracted from Flickr and Twitter did not appear to be similar to measures derived 
from Council field surveys for overall quality or cleanliness. This does not necessarily mean that they 
may not relate to other elements of quality or have wider possible applications. For example, such 
data may provide indications of likely usage of greenspaces.  
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The lack of correlation between measures of quality based on primary field surveys of local 
environments and social media based assessments may be because (i) increased data coverage from 
social media are required for a more robust analysis; (ii) social media may be addressing different 
aspects of quality; or (iii) they are not good indicators of greenspace quality. 
The level of similarity between measures from the two different sources of social media (Flickr and 
Twitter), however, was encouraging: with a correlation of 0.51 between the number of Flickr 
photographs and number of unique Twitter users. Further discussion of the limitations concerning 
the social media data can be found in Section 4.3. 
 
4.3 Strengths and weaknesses 
Our population level study used the power of secondary datasets to investigate the relationship 
between greenspace quality and poor self-reported general health. The study built upon the existing 
literature and is hypothesis driven. One of the strengths of our study is that it addresses a gap within 
the existing literature as suggested by numerous recent studies (Akpinar, 2016; Akpinar et al., 2016; 
De Vries et al., 2003; Maas et al., 2006; Richardson et al., 2010; Richardson and Mitchell, 2010; van 
den Berg et al., 2007; Wyles et al., 2017). A further strength of our paper is the innovative use of 
data extracted from social media to potentially proxy greenspace quality as measured using field 
surveys. Such field surveys can be costly, time-consuming and impractical to collect for numerous 
greenspaces across extensive geographic areas. Whilst alternative measures of auditing not 
requiring park visitation such as Public Open Space Desktop Auditing Tool (POSDAT) have 
demonstrated great potential (Edwards et al., 2013) they are limited in their detection of the extent 
of littering and graffiti to those areas of greenspace that are visible within Google Street View 
imagery. 
As with any population level, small-area study there are a number of limitations. Firstly, it is a 
misconception to believe that correlation implies causation. Whilst our study reported an 
association between greenspace cleanliness and self-reported health, we cannot confirm whether 
there is a causal link. Other risk factors, not controlled for within our study, may act as a third factor 
within the association between greenspace quality and health. We acknowledge that additional 
variables such as walkability, traffic noise and population density may also affect general health and 
need to be considered in future studies. Further work, including cohort studies, would be required in 
order to comprehensively test for causation. 
Secondly, the associations that we have found are based on data aggregated to bounded 
administrative units (in this case LSOAs). As such, it should not be assumed that the same 
associations would hold at the individual level. This is a well-studied phenomenon, termed the 
ecological fallacy (Haining, 2003). Our analysis did not incorporate adjustment for spatially 
structured random effects. We have, however, adjusted for a number of potential confounders 
which should have minimised the effect of residual spatial autocorrelation. 
There are also a number of limitations that are more specific to the precise nature of our study. 
Firstly, we recognise that we treat greenspace as a single class of object instead of breaking it down 
by categories of type (for example distinguishing between areas of woodland, amenity greenspace 
and cemeteries and so forth). Whilst we completely advocate the need to not treat greenspace as 
homogenous spaces, for practicality reasons it would be impossible to break down our measures by 
greenspace types, as this would result in too many of our statistical units (LSOAs) having no data for 
particular classes of greenspace; so that we would lose too much statistical power.  
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This corresponds with our second limitation, that our study, being tied to Sheffield, has a rather 
limited lack of power, leading to relatively large confidence intervals within the work. Ideally, the 
analysis would be run for a wider geographical extent to help resolve this. The issue here, however, 
is that we are dependent on the requirement for adequate field survey data measuring greenspace 
quality, which only exist on an ad hoc basis. This was precisely why we undertook the second stage 
of our work to test whether alternative proxies of quality might be found that facilitated the 
collection of greenspace quality measures without the need for costly and time-consuming field 
surveys. 
As a population level study, our measure of greenspace relates to provision and has not taken into 
account the extent to which use of the greenspace occurs. Complex patterns are likely to exist 
between use of greenspace and home locations  W with residents not always using greenspaces in 
their local geographic area. It is possible that our lung cancer proxy for smoking is also affected by air 
pollution. Results (not shown), however, were consistent when excluding the lung cancer proxy. 
Furthermore, we recognise that the level of cleanliness in any greenspace is likely to change over 
time. 
Finally, whilst it is clear that social media data has the potential to provide insight and deeper 
understanding into the use and values of greenspace (see Fig. 1 and previous work such as described 
within Section 1.3), such an approach is not without its issues and limitations.  We acknowledge the 
many issues that frequently accompany the use of social media data  W including the bias that exists 
within their usage (Ruths and Pfeffer, 2014)  W  which will also affect their geographic coverage. The 
highly skewed nature of social media data, with a small number of greenspaces contributing for the 
majority of content, raises concerns of representativeness. For example, the high number of photos 
associated with certain greenspaces (such as Park House Lane Sports Ground and Don Valley Bowl) 
were due to sporting events. Given that the intensity of social media content has been found to be 
positively correlated with sociodemographic factors including income, youth, and education (Li et al., 
2013), it is possible that social media users within greenspace may not be representative of 
greenspace users as whole. Such effects may potentially bias results and need to be taken into 
consideration when interpreting results from the use of such data as proxies for greenspace quality. 
 
 
5. Conclusions and recommendations 
Whilst our findings showed that measures extracted from social media appear to make poor proxies 
for greenspace quality, we were also able to demonstrate the association between greenspace 
quality (in terms of cleanliness) and self-reported general health. This relationship persists even 
when accounting for a range of potential confounders. Whilst affected by the limitations associated 
with any population level design, our paper contributes to the evidence base for this topic and 
demonstrates the need for further research in this area.  
People living in areas with poorer quality of greenspace have higher levels of poor health. Even 
though causality needs confirmation, our work highlights the potential importance of greenspace 
cleanliness. The health and wellbeing pathways provided by greenspaces are redundant if no-one 
wants to visit them.  Our findings have particular importance to greenspace management. 
Greenspace cleanliness appears to be an important factor to help alleviate poor general health. 
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Figures 
 
Fig 1: Word clouds of the words used in the captions and titles of Flickr photographs taken within 
two contrasting greenspaces in Sheffield (size of the word reflects the number of occurrences) 
 
a) greenspace with positive sentiment   b) greenspace with negative sentiment 
 
Fig 2: Prevalence ratios (adjusted for income deprivation, total greenspace, average garden size, air 
pollution (PM10), smoking prevalence) for poor general health in relation to each of the five 
measures of greenspace quality (with 95% CI) 
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Tables 
 
Table 1: Breakdown of the variables of the five models used to explore the relationship between 
greenspace quality of self-reported poor general health 
  
 
Model One 
 
Model Two 
 
Model Three 
 
Model Four 
 
Model Five 
Dependent 
variable: 
Self-reported poor general health 
Confounding 
factors: 
Income deprivation 
Total greenspace 
Average garden size 
Air pollution levels (PM10) 
Smoking prevalence 
Greenspace 
quality 
measures: 
  
Council field 
survey for 
overall quality 
 
  
 
 
Council field 
survey for 
cleanliness 
  
 
 
 
Flickr photos 
per hectare  
 
 
 
 
Flickr 
sentiment 
 
    
(Unique) 
Twitter users 
per hectare 
 
 
 
Table 2: The level of correlation between the different measures of greenspace  ‘quality ? (at the 
individual park level): 
 PPG17: 
overall 
score 
PPG17: 
cleanliness 
score 
Number 
of Flickr 
photos 
Flickr 
photos 
per 
hectare 
Flickr 
sentiment 
(pos / 
neg) 
Total 
(unique) 
Twitter 
users 
Total 
Twitter 
users per 
hectare 
Total 
Tweets 
per 
hectare 
PPG17  W overall score - 0.34 0.23 0.23 0.11 0.25 0.24 0.24 
PPG17  W cleanliness score  - 0.06 0.08 0.03 0.08 0.08 0.08 
Number of Flickr photos   - 0.96 0.45 0.51 0.47 0.47 
Flickr photos per hectare    - 0.39 0.44 0.42 0.42 
Flickr sentiment (pos / neg)     - 0.32 0.29 0.29 
Total (unique) Twitter users      - 0.99 0.97 
Total Twitter users per hectare       - 0.98 
Total Tweets per hectare        - 
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Table 3: Regression results at the LSOA level: association between poor general health and modelled 
output 
Variable: Quintile: Prevalence ratio 95% CI 
Income deprivation 
1 (most deprived) 2.76 2.50, 3.05 
2 2.28 2.08, 2.50 
3 1.68 1.54, 1.83 
4 1.26 1.15, 1.36 
5 (least deprived) 1.00 
 
Total greenspace 
1 (least greenspace) 1.08 0.99, 1.18 
2 1.02 0.95, 1.09 
3 1.02 0.95, 1.09 
4 1.00 0.94, 1.06 
5 (most greenspace) 1.00 
 
Average garden size 
1 (small gardens) 1.13 1.03, 1.24 
2 1.04 0.95, 1.13 
3 1.00 0.92, 1.09 
4 1.04 0.96, 1.12 
5 (large gardens) 1.00 
 
Air pollution (PM10) 
1 (high air pollution) 1.05 0.97, 1.14 
2 1.07 0.99, 1.16 
3 0.99 0.92, 1.08 
4 1.01 0.93, 1.08 
5 (low air pollution) 1.00 
 
Smoking prevalence 
proxy 
1 (high smoking levels) 1.22 1.11, 1.34 
2 1.16 1.06, 1.27 
3 1.14 1.05, 1.24 
4 1.06 0.97, 1.14 
5 (low smoking levels) 1.00 
 The following variables were introduced one at a time alongside the variables above: 
Model 1: Council field 
survey - overall quality 
1 (low overall quality) 1.07 0.99, 1.15 
2 1.06 0.98, 1.13 
3 1.08 1.01, 1.16 
4 1.05 0.97, 1.12 
5 (high overall quality) 1.00 
 
Model 2: Council field 
survey - cleanliness 
1 (low cleanliness) 1.09 1.00, 1.18 
2 1.09 1.01, 1.18 
3 1.01 0.93, 1.09 
4 1.01 0.93, 1.09 
5 (high cleanliness) 1.00 
 
Model 3: Flickr photos 
per hectare 
1 (low number of photos) 1.03 0.95, 1.12 
2 1.02 0.94, 1.10 
3 1.02 0.94, 1.10 
4 1.01 0.94, 1.10 
5 (high number of photos) 1.00 
 
Model 4: Flickr 
sentiment 
1 (negative sentiment) 1.02 0.95, 1.10 
2 1.06 0.99, 1.14 
3 1.00 0.93, 1.07 
4 1.01 0.94, 1.08 
5 (positive sentiment) 1.00 
 
Model 5: Number of 
Twitter users per hectare 
1 (low number of tweeters) 1.06 0.99, 1.14 
2 1.04 0.95, 1.14 
3 1.07 1.00, 1.16 
4 0.97 0.91, 1.05 
5 (high number of tweeters) 1.00 
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